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Recovering Unimodal Latent Patterns of Change by Un|e 
Analysis: Application to Smoking Cessation 

Yvonnick Noel 

University of Paris X 

A new model of change is proposed, based on the assumption that cognitive and 
behavioral processes of change basically follow inverse-U-shaped patterns of varia¬ 
tion as smokers move toward effective change: Each process is first increasingly 
used, up to a maximum value, and then decreases. It is argued that such a model of 
data is properly dealt with by unfolding models specially designed for those cases. 

A theoretical foun dation for an unfolding model of change is proposed, based on 
"probabilistic reasoning first developed by D. Andrich and G. Luo (1993). An 


J. 0. Prochaska's (1985) Processes of Change Questionnaire is prese nted, which 
yields a"very~satisfactory uniditnensional solution, along which items 1 locations are 
in convergence with previous longitudinal studies in the stage-of-change tradition 
and smokers’ locations appear to be a good predictor of actual quitting. 


Numerous latent trait models for the measurement 
of attitudes and cognitive abilities have been proposed 
(Andrich, 1978b; Bock, 1972; Lord, 1952; Masters, 
1982; Muraki, 1992; Samejima, 1969) that have ex- 
panded and sophisticated probabilistic response mod¬ 
els initially proposed by Rasch (1960) in a tradition of 
psychological measurement that could be traced to 
Thurstorte’s (1927, 1928) seminal works. Extensions 
in the use of these models from structural traits mea¬ 
surement to longitudinal data analysis have been pro¬ 
posed (Fischer, 1989; Fischer & Paizer, 1991). jn the 
structural equation modeling tradition, latent growth 
models are also available for the anal ysis of chang e 
(Jjuncan“lhuhcan, &. Stoolmiller, 1994; Raykov, 
1994). Th ose approaches, however, either assume a 
cumulative latent evolutionary process or require that 
repeated measures be available to estimate the fpo^ 
tentially nonlinear) growth function. 
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By contrast, and with respect to the first point, there 

is some evidence that developmental and change pro¬ 
cesses do not necessarily follow monotonic (i.e., al¬ 
ways increasing or always decreasing) patterns of 
variation with time. In a reanalysis of Kohlberg's 
(1969) developmental data cm moral judgments, for 
instance, Davison, Robbins, and Swanson (1978) 
showed that bell-shaped functions fitted the data bet¬ 
ter than monotonic ones. This means that while chil¬ 
dren are acquiring new abilities in moral reasoning, 
they make less and less use of previous modes of 
thinking, which variation may thus be described by a 
single-peaked function. In a clinical context it is now 
well-known that behavior change is better described 
by b ell-shaped patterns of evolution than bv Jiuear or 
logistic models (Prochaska, DiClemente, & Norcross, 
1992; Prochaska, Veiicer, DiClemente, Guadagnoli, 
& Rossi, 1991; Veiicer, Rossi, Prochaska, & Di¬ 
Clemente, 1996). 

With respect to the second point, repeated measure- 
_ments are not easily obtained in clinical practic e, 
s o that a latent transition model for single-peaked 
patterns of change that w ould require a single mea ¬ 
surement would be mos t useful in many applicatio ns. 
Recovering single-peaked patterns of change from 
single measurements is the focus of the present ar¬ 
ticle. It is argued that unfolding models offer a quite 
flexible and powerful solution to these situations and 
open the way to new developments in the study of 
change. 
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The Unfolding Model of Data 

Though linear models appear to be powerful in 
many situations, they are limited to the case when one 
may reasonably assume that there is a monotonic re¬ 
lationship between the latent phenomenon to be mea¬ 
sured and the measure itself. Not all psychological 
phenomena will satisfy this condition, however. For 
instance, in the case when collected measures are re¬ 
lated to the latent variable of interest by an inverse- 
U-shaped function, it is clear that no linear projection 
of the data will properly recover the latent variable. 
As can be seen using a simple (and somewhat artifi¬ 
cial) example, this would be the case if, considering 
that performance on a task often varies as a single- 
peaked function of motivation around some ideal 
point (where motivation is sufficient but not exces¬ 
sive), we wanted to recover a measure of mofivation 
from performance measurements. Clearly, there 
would be an indeterminacy in the estimation of mo¬ 
tivation, because one level of performance may cor¬ 
respond to two distinct levels of motivation, below or 
above the ideal motivation point (Figure la). This 
would be a clear violation of the monotonicity con¬ 
dition for applying factor analysis. 

There is one case, however, when factor analysis 
would nevertheless give an interesting approximation 
of the latent scores: when participants’ ideal motiva¬ 
tion points are distinct (Figure lb). In this case only, 
the variance of participants’ ideal points will be a 
source of information for estimating the latent moti¬ 
vations (Davison, 1977), and factor analysis will gen¬ 
erally summarize this variance on the first factor, pro¬ 
vided the participants’ distribution on the latent 
dimension is approximately uniform. Generally, if la¬ 
tent scores on some latent construct are only known 
through a nonlinear response function, factor analysis 
will, of course, systematically give an overestimated 
number of components, because it mainly functions to 
recover linear orthogonal components. In the special 
case when the fundamental structure is unidimen¬ 
sional, as with developmental or temporal change 
data, and assuming a hell-shaped response function, 
factor analysis will give an artifactuai two-component 
solution (Van Schuur & Kiers, 1994) instead of the 
theoretically expected unique dimension. 

Unfolding analysis was primarily designed to deal 
with such single-peaked relationships between latent 
and manifest scores (Coombs, 1950). It may be 
thought of as a kind of multidimensional analysis, 
where the relationships between observed measures 
and latent scores to be recovered is of the inverse-U 


(a) Motivation: A common ideal point 




Figure 1. Single-peaked patterns of performance versus 
motivation. With a unique ideal motivation point (a), a 
given performance p may correspond to two latent values of 
motivation (m, and rn 2 ), thus violating the monotonicity 
condition for applying factor analysts. However, a crude 
approximation of the latent dimension may be obtained with 
factor analysis in the case of individual ideal points (b). See 
Davison (1977). 


type. It thus may be viewed as a kind of nonlinear 
factor analysis, with a nonlinearity constrained to be 
of second-order (first increasing, up to a maximum for 
some latent ideal point, and then decreasing). It is thus 
likely to be successfully applied whenever an ideal 
reference point may be supposedly underlying partici¬ 
pants’ responses, so that they will endorse items (or 
prefer objects, choose stimuli, etc.) located close to 
their ideal reference point and express less and less 
preference for items that are farther away on the scale 
in either direction. 

ft is, of course, crucial to establish whether a given 
phenomenon may properly be modeled as a sum of 
linear components or if some kind of nonlinearity 

exists in the way subjects respond to items. If this 
cannot be established from empirical or theoretical 
arguments, a risk exists that the final solution we try 
to interpret contains spurious factors. Van Schuur and 
Kiers (1994) proposed a number of diagnostics for 
distinguisbing the cumulative and unfolding mecha¬ 
nisms of response. Though useful, they do not always 
allow' one to firmly conclude that an unfolding model 
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is underlying, and the better way to proceed is prob¬ 
ably to start from theoretical arguments in addressing 
this question as will be illustrated in this article. 

Though initially designed for attitudinal data, the 
unfolding model has been successfully applied to de¬ 
velopmental data as first suggested by Coombs and 
Smith (1973) and then illustrated, for instance, in the 
study of moral development (Davison et a!,, 1978) 
and learning goals development among students (Vo¬ 
let & Chalmers, 1992). As is clear from the unimodal 
assumption of the model, it will be actually relevant to 
developmental data analysis whenever processes 
characterizing each stage are supposed to successively 
replace processes characterizing previous stages. Par¬ 
ticipants will tend to indicate a greater use of pro¬ 
cesses characterizing a stage they are in, and a lower 
use of processes characterizing both lower and upper 
stages, thus displaying a unimodal distribution of their 
ratings on each process. 

Obviously, such a developmental model relies on a 
different conceptualization of psychological change 
than do the better known cumulative models, such as 
Mokken, Rasch, or Guttman scaling. Whereas in cu¬ 
mulative models each stage is assumed to prepare the 
following in an integrative manner, so that earlier 
stages remain embedded in the later ones, in unfold¬ 
ing developmental models each stage is preparing the 
following while inhibiting the previous ones. Other¬ 
wise stated, the unfolding model of change assumes 


that some processes are relevant in a given stage but 
no longer relevant as one moves along the develop¬ 
mental continuum. 

In the measurement of change, we may thus refor¬ 
mulate the unfolding model of data as resulting both 
from a cumulative mechanism and from the negative 
feedback of each new process of change on the pre¬ 
vious one in the change sequence. As a very simple 
example, negative emodonality toward one’s behav¬ 
ior (e.g., smoking) may result in a search for social 
support, which in turn will diminish the negative emo¬ 
tional response. Social support may in turn increase 
involvement in personal action (Counterconditioning, 
for instance), which will finally diminish the need for 
social support (Figure 2). The resulting patterns of 

intensity variation with time for each of these pro¬ 
cesses will then be bell-shaped, first increasing tip to 
a maximum and then decreasing. 

In this formulation, unfolding models could be 
viewed as simple forms of (bipolar) nonlinear dy¬ 
namical systems. 

Despite these differences, recent developments in 
unfolding theory have ingeniously derived a probabi¬ 
listic unfolding mode! from a double cumulative pro¬ 
cess, operating in reversed order on the underlying 
dimension (Andrich, 1995; Andrich & Luo, 1993), 
thus reconciling two different approaches to psycho¬ 
logical measurement (see Andrich, 1996, for a histori¬ 
cal discussion). Because derivation of this model 


The Cumulative Model of Change 
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The Unfolding Model of Change 


Figure 2. Plus signs indicated positive feedback, minus signs a negative one. The unfolding 
model of change should be thought of as resulting from a joint acquisition-inhibition mecha¬ 
nism. For instance, negative emotionality (NE) leads to seeking (+) Helping Relationships 
(HR)„ which in turn may diminish (-) the negative feelings. Curves on the right-hand side are 
the resulting probabilities of agreeing with a corrresponding item. CC = counterconditioning. 
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follows a clear rationale, which legitimates its appli¬ 
cation to the study of change {as is discussed below), 

I briefly present below Andrich’s Hyperbolic Cosine 
Model (HCM) and its extension to the polytomous 
case proposed by Roberts and Laughlin (1996) under 
the name of Graded Unfolding Model (GUM; for de¬ 
tails, see Andrich, 1995; Andrich & Luo, 1993; Rob¬ 
erts & Laughlin, 1996). 

The probabilistic approach to psychological mea¬ 
surement has many nice properties, the first of them 
being that a shift from a qualitative (nominal or ordi¬ 
nal) level to a quantitative level of measurement is 
thus made possible. In this approach, the analysis does 
not bear on the rating itself but on its probability. This 
is statistically more satisfactory because ratings are 
essentially ordinal measures, whereas probabilities 
are on a ratio level of measurement. So, although 
metric unfolding algorithms also exist (Greenacre & 
Brown, 1986; Schonemann, 1970), or nonmetric al¬ 
gorithms in the multidimensional scaling (MDS) tra¬ 
dition (Takane, Young, & de Leeuw, 1977). the model 
used here belongs to the item response theory (IRT) 
class of models. 

For a first example in the field of attitude measure¬ 
ment, let us consider an item of the form “I don’t 
believe in capital punishment but I am not sure it isn’t 
necessary.” Although this would be considered rather 
a bad item in a classical (factor analytic) approach to 
measurement, it is a good one under the unfolding 
framework (Andrich, 1989; Andrich & Luo, 1993; 
Roberts & Laughlin, 1996; Wohlwill, 1963). Negative 
responses to such an ambivalent item are likely to be 
determined by two different motives: Subjects may 
refuse it either because they strongly believe in capital 
punishment or because they are strongly against capi¬ 
tal punishment. Binary (disagree-agree) responses to 
such complex items are thus masking a true latent 
trichotomous response process with the following cat¬ 
egories: disagreeing because one believes in capital 
punishment, agreeing and disagreeing because one 
does not accept capital punishment. Assuming a 
polytomous Rasch model for this latent trichotomous 
response process (Rasch, 1960), the probability of 
agreeing with this item is just the probability of the 
middle category response in a trichotomous Rasch 

model, whereas the probability of disagreeing with it 
is the summation of the two extreme response catego¬ 
ries in the same model. 

In more formal terms, and following Andrich’s 
(1982) parameterization, for a subject i located in fl 
facing an item j located in bj on the latent continuum, 


the probability functions for each of the three re¬ 
sponse categories within a trichotomous Rasch model 
are of the form 

P(Xij = oip,) = ~. (1) 

P{Xij = lip,) = -j- exp(0j- + p, - 5;), (2) 

'ij 

and 

P(X V = 210,) = — exp[2(0 ; - 8;)], - (3) 

li.i 

where X ;j is the response from subject i to item j, 
is a normalizing factor to make the sum of all three 

probabilities equal to one, and 0, is the half distance 
between the two intercategory thresholds. 

The probability curves for these three determinants 
of response are shown in Figure 3. It can be seen that, 
as one considers increasing subjects’ positions on the 
attitudinal continuum, from left to right, the probabil¬ 
ity of refusing the item for the first reason (for in¬ 
stance, being very much in favor of capital punish¬ 
ment) is first high (Interval 1) and then decreases, 
whereas the probability of agreeing with the item in¬ 
creases in the middle range (Interval 2), to finally 
decrease after a maximum has been reached, because 
the second source of refusal (for instance, being 
against capital punishment) is becoming predominant 
(Interval 3). The three attitudinal intervals (labeled 1, 



Figure 3. Probabilities of refusing or agreeing with an 
item, following Andrich and Luo’s (1993) unfolding model. 
Moving along the latent continuum from left to right, we see 
that the item is first refused for a first reason, then is agreed 
to up to a maximum value, after which a second reason for 
refusing the item becomes predominant t = the threshold 
separating attitudinal intervals; 5 = item location. 
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2, and 3 in the figure) are separated by two thresholds, 
Tj and t 2 . The item’s locatioti (5) corresponds to the 
higher probability of agreement, which is simply the 
midpoint of the two thresholds (this is the meaning of 
the Oj parameter in the formulas above). 

Because disagreement with the ambivalent item re¬ 
sults from two latent sources that are not distinguished 
in the manifest response X', the probability of a mani¬ 
fest disagree response may be written as a summation 
of Equations 1 and 3 (Andrich & Luo, 1993): 

m" =0) = P(X s = 0) + F(A- ff =2) 

1 cxp[2(p ( -8j)] 

■»/ y 9 

_ 1 + exp[2(|3,- — Sy)] 

1 + exp (0, + 3, - 8y) + exp[2(p, - 8,)]’ 
and the probability of agreeing is thus 


PWj= D = i - p(x!j =o) = p(x (J = l) 

_ exp(0j + P,—8,-) _ 

- I +- exp(0y + ft - By) + exp[2(p, - By)]’ 
which may also be rewritten as 
2 cosh(p, - 6.-) 

pty _ = -_- IL - 

1 u ' exp(6y) + 2 c 0 sh(pi - By) 

and 


(5) 


exp(0 ; ) 

P{ x 's - 1) = exp(6j .) + 2 coship, - 8y) 


( 6 ) 


where cosh(.) is the hyperbolic cosine function— 
hence the name of the model. 

In the IRT perspective, once a theoretical probabil¬ 
ity model has been designed, the fl, (i.e., subjects’ 
locations) and 8, (items’ locations) parameters are es¬ 
timated following the maximum-likelihood approach. 
The algorithm seeks |S, and By values that maximize 
the probability of observing the raw data, given the 
assumed probability function. An interesting property 
of such models is that subjects and items play a sym¬ 
metric role: They are both projected onto a common 
(often unidimensional) subspace.’ It thus becomes 
meaningful to compute a “distance” between a subject 
and an item, which is not possible under classical 
factorial models. Note that it is a general property' of 
unfolding models to allow tills simultaneous projection 
of subjects and items onto a common subspace. Also, in 
the MDS tradition, it is more usual to present unfolding 
analysis as a joint scaling of subjects and variables. 

Andrich and Luo’s (1993) reasoning can be readily 
extended to the polytomous case. Andrich (1996) and 


Roberts and Laughlin (1996) have independently pro¬ 
posed a formulation for the multicategory case. In 
what follows, we rely on Roberts and Laughlin’s 
GUM. In a very similar manner, these authors pro¬ 
posed that each manifest response, chosen out of a set 
of k possible responses, be assumed to result from the 
pooling of two underlying sources of agreement- 
disagreement. For instance, in the case of four mani¬ 
fest response categories (strongly disagree, disagree, 
agree, strongly agree), the probability of the agree 
response will be modeled as the sum of two latent 
sources of agreement, which are called “agree from 
below” and “agree from above,” respectively (i.e., 
agreeing for the first or the second reason, which are 
mutually exclusive). Each test proposing a k- category 

response format will thus be analyzed with the as¬ 
sumption that 2k latent categories are in fact under¬ 
lying the response mechanism—that is. 


PQC'a = = *13.) 

+ P(X jJ = 2k-l -*lp,) (7) 

where Xy is the manifest response of subject i to item 
j, taking a value x out of k objective choices (from 0 
to k — 1); X,j is the latent response variable, taking 
one value out of 2k subjective categories (from 0 to 
2k - 1); and 3, is subject i’s location on the con¬ 
tinuum. 

Considering that the 2k latent response functions 
basically follow a rating scale model (Andrich, 
1978b) of the form 





with r t denoting the thresholds separating two adja¬ 
cent response categories on the latent dimension, the 
formal definition of the GUM is 


x’ 

exp r((l, - 8,) - 2 ri 




+ exp 

X 

(2i- 1 -x)(P ; -8,.)-^t, 

t=o 

i—i 

f rn 

2’ 

exp «t(3; - Sy) - 2 *t 


l L /=o 


^ L 1=0 J 

+ exp j(2fe - 1 - mXP; - Sy) - 2 T i j 


(9) 
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Though the form of the GUM is not as straightforward 
as, say, a simple one-parameter logistic model, its 
structure is clear: The two terms in the numerator 
correspond to the two latent determinants of response, 
whereas the summation in the denominator is just a 
normalizing factor. 

In some way, the HCM and the GUM could be 
viewed as mixture models, because both are designed 
to model an observed probability function as the sum 
of two latent components. For this reason, Andrich’s 
(1995) HCM and its extensions are natural candidates 
for the modeling of change processes, where items 
will be differently perceived when participants are 
below versus above the specific maturity level mea¬ 
sured by each item. 

Note that other cumulative models could be used as 
well in the same line. For instance, Roberts and 
Laughlin (1996) further proposed a partial credit 
GUM based on Masters’ (1982) partial credit model, 
rather than the rating scale model. 

However, one could be tempted to think that be¬ 
cause this complex structure of data results from the 
implicit pooling of two basic reasons to reject the 
item, making these two reasons explicit in the re¬ 
sponse format should unfold the data prior to any 
analysis and thus allow for classical Rasch measure¬ 
ment. Although this is true for the previous example, 
this would not be possible in- all situations as is now 
discussed. 


What Is Change? 

Numerous studies (DiClemente & Prochaska, 1982, 
1985; DiClemente, Prochaska, Fairhurst, Velicer, 
Velasquez, & Rossi, 1991; Prochaska, Velicer, Di- 
Clemente, & Fava, 1988) have now given support to 
the idea that psychological change, in many areas, 
may be described in terms of processes and stages. 
There is an interaction between processes and stages 
of change in that participants in a given stage of 
change tend to predominantly use (or avoid) some of 
the processes. 

Prochaska and DiClemente (1983) proposed four 
stages of change; These stages are, respectively, (a) 
precontemplation (or the immotive stage), (b) contem¬ 
plation (expecting change but taking no action), (c) 
action (actual change), and (d) maintenance (defined 
as the period following a 6-month abstinence). An 
intermediate stage between contemplation and action, 
called preparation, has been added in later works 
(Prochaska & DiClemente, 1992). As the longitudinal 


results to be discussed in this article have been re¬ 
ported in Prochaska et al. (1991) with the four-stage 
model, it is this simpler version that is used in what 
follows. In interaction with these four stages, 10 pro¬ 
cesses of change appear to cover much of the change 
dynamics (Prochaska, DiClemente, Velicer, Ginpil, & 
Norcross, 1985). Each of them appears to reach a peak 
in use at different stages. As to smoking cessation, 
Prochaska et al. (1991) gave a very careful report of 
longitudinal variations in the use of each process 
across stages. The first process to reach a peak is 
Social Liberation (or consciousness of alternative so¬ 
cial roles and also of social pressure to refrain from 
smoking), which mainly characterizes the precontem¬ 
plation stage. In the contemplation stage, smokers 
seem to have a marked negative emotional response 
(Dramatic Relief) toward smoking, they look for 
some support (Helping Relationships), and they begin 
to pay attention to available information concerning 

methods of quitting (Consciousness Raising or Infor¬ 
mation Processing). At the end of this stage, they 
become more aware of the effects of their smoking on 
the environment (Environmental Reevaluation). 

As the action stage begins. Reinforcement Manage¬ 
ment is the first process to reach a maximum of use. 
At this stage, smokers tend to view quitting as a posi¬ 


tive personal goal (Self-Reevaluation) in contrast to 
the more negative feelings that characterized the con¬ 
templation stage. As a preliminary form of action, 
they try to remove from their environment all things 
that could trigger a smoking desire (Stimulus Con¬ 
trol). 

Finally, engaging in the maintenance stage, ex¬ 
smokers will try to substitute alternative behaviors to 
smoking (Counterconditioning) and will rely more 
heavily on their personal will to control their behavior 
(Self-Liberation). 

The practical relevance of this complex model has 
already been documented in many other applied ar¬ 
eas—in psychotherapy (McConnaughy, DiClemente, 
Prochaska, & Velicer, 1989; McConnaughy, Pro¬ 
chaska, & Velicer, 1983), in the study of alcoholism 
(DiClemente & Hugues, 1990), in weight control 
(O'Connell & Velicer, 1988), in HIV prevention (Bo¬ 
wen & Trotter, 1995), and in exercise adoption (Mar¬ 
cus, Rossi, Selby, Niaura, & Abrams, 1992), among 
other behaviors—providing strong support for the hy¬ 
pothesis of common change principles across problem 
behaviors. 

As the evolutionary patterns for the 10 processes 
are curvilinear (Prochaska et al., 1991; Velicer et al.. 
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1996), it is not surprising (hat confirmatory factor 
analyses tend to retain a second-order two-factor so¬ 
lution in the modeling of the correlation structure 
(Prochaska et ah, 1988). In the context of factor 
analysis, at least two linear components are needed to 
model such a single-peaked relationship (just like two 
regressors, of first and second order, respectively, are 

needed when using linear regression to fit a quadratic 
relationship). These two higher order factors have 
been identified as, respectively, the experiential and 
behavioral components of the change process. 

In the perspective of this article, however, the stage 
concept may be considered as an approximation of a 
smoker’s position along a latent dynamic dimension. 
A numerical estimation of this position, provided it 
has some relationship to actual cessation, would rep¬ 
resent a change maturity index that would make it 
possible to refine diagnoses and construct more spe¬ 
cific intervention strategies. 

This estimation is possible if we choose to take as 
a hypothesis the single-peaked pattern of variation of 
the change processes and thus submit measures of 
change to unfolding analysis. In the line of reasoning 
developed in the previous section, an item of the form 
“My dependency on cigarettes makes me feel disap¬ 
pointed in myself’ is likely to be rejected for one of 
two distinct reasons: because the smoker does not 
consider smoking as so serious a problem or, to the 
contrary, because lie or she has gained control over 
the addiction and has fewer reasons to feel disap¬ 
pointed. Responses to change maturity items are thus 
determined by two latent sources of refusal: low and 
high maturity of change, relative to the level of ma¬ 
turity specifically tapped by this item. These are the 
two disagree-from-below and disagree-from-above 
kinds of responses described by Andrich and Luo 
(1993). 

It is noteworthy that in this very case where the 
latent dimension is of a temporal nature, below and 
above mean before and after, respectively, so that 
making underlying sources of disagreement explicit in 
the response format would not yield unfolded data: It 
is unlikely that smokers will be. aware that they dis¬ 
agree with the item because they have not reached the 
stage of change that would make tfiis attitude cogni¬ 
tively available, for instance. They cannot psychologi¬ 
cally anticipate a stage they have not reached yet. 
Thus, by contrast with attitudinal scales, there is a 
fundamental asymmetry in the psychological percep¬ 
tion of the change dimension, due to its temporal na¬ 
ture (as an exception, relapsers may, of course, re¬ 


member what they used to think and do during 
previous quitting attempts). 

Applying the GUM to change data is thus theoret¬ 
ically justified. The next section illustrates how this 
approach may be fruitful in applied research. 

Application to Smoking Cessation 
Method 

Measures. A French version of the Processes of 
Change Questionnaire (DiClemente & Prochaska, 
1985; Prochaska et al., 1988) was submitted to 140 
smokers as part of att initial assessment session of a 
three-session hypnotic treatment for smoking. The 
Processes of Change Questionnaire is a 40-item ques¬ 
tionnaire designed to measure the 10 basic change 
processes (four items per process). Translation, back- 
translation, and statistical equivalence of the French 
version with the original version at the score level 
have been described elsewhere (Noel, 1996; Noel & 
Bennani-Dosse, 1996), Statistical equivalence was 
shown to be almost perfect. The present study gives 
further validating results at the item level. 

Participants. Participants were recruited through 
a newspaper advertisement. Treatment was free of 
charge. Participants’ mean age was 34, men being 
significantly older than women (36 vs. 32, p = .002). 
The sample was rather well-educated, for 63%T>f the 
participants had a university degree. The overall mean 
dependence score on the 12-item Fagerstrom (1978) 

Tolerance Questionnaire was 6.36. Participants 
smoked a mean of 25 cigarettes a day. Participants 
were distributed in stages of change as follows: 3,86, 
and 51 participants belonged to the precomemplation, 
contemplation, and preparation stages, respectively 
(of course, recruitment of smokers in precontempla¬ 
tion, action, or maintenance stages is highly unlikely 
in the clinical context). 

Data Analysis 

The publicly available GUMJML software (Rob¬ 
erts, 1998) was used for the analyses. This software 
implements Roberts and Laughlin’s (1996) GUM, by 
the method of joint maximum likelihood (JML) esti¬ 
mation. As far as I know, no other software exists that 
would estimate a polytomous unfolding model in an 
IRT perspective, so comparison of results could not 
be made with other tools. However, this software has 
been very carefully designed, and in particular, it con¬ 
tains many safeguards against degeneration problems 
that would result from nonmonotonic likelihood func- 
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tions. In particular, bounds have been imposed on the 
maximum change in parameter values from one itera¬ 
tion to the next in the Newton-Raphson algorithm. 
Grid searches and a bisection algorithm are also 
implemented to control for extreme parameter values. 
Roberts’s simulations have shown that accurate esti¬ 
mates could be obtained with as few as 100 respon¬ 
dents and 15 to 20 items. 

Because in the GUM item discrimination param¬ 
eters and intercategory thresholds are constrained to 
be equal for all items, a preliminary standardization of 
the data seemed desirable. The standardized scores 

were then arbitrarily recoded in five categories, ac¬ 
cording to the following evenly spaced cutoff points 
-1.2, -0.2, 0.80, 1.80, simply chosen to give enough 
weight to the extreme categories. 

Two external sources are considered to test the va¬ 
lidity of the solution: (a) We expect the resulting item 
ordering to reflect reasonably well the longitudinal 
data reported by Prochaska et at. (1991), and (b) we 
expect subjects’ locations on the unfolding dimension 
to be significantly related to actual quitting. Treat¬ 
ment outcome was coded as 1 for participants’ having 
not smoked at all for at least 7 days after the end of tire 
program and 0 for participants who either had 
dropped out or failed to quit. Though dichotomous, 
such continuous abstinence measures are likely to, be 
more robust than the number of cigarettes smoked, 
which is highly dependent on the way smokers com¬ 
pensate a decrease in absolute consumption by an 
increase in inhalation levels (Velicer, Prochaska, 
Rossi, & Snow, 1992). 

Results 

Item parameter estimates, asymptotic standard er¬ 
rors, and fit statistics are given in Table 1. 

Both the chi-square and the infit index measure the 
discrepancy between observed data and the theoreti¬ 
cally expected response function. The infit index is a 
squared standardized residual weighted by the theo¬ 
retically expected information at each item location 
(Linacre & Wright, 1994). It is thus sensitive to dis¬ 
crepancies observed in high-information regions of 
the scale, which seems reasonable. In the standardized 
form reported in Table 1, it is assumed to have a mean 
near zero and a variance near unity and may thus be 
interpreted like a Student’s t. As an additional diag¬ 
nostic, Andrich’s (1978a) chi-square was computed in 
the following way: Participants were first sorted by 
increasing location along the continuum, and clus¬ 
tered in seven consecutive class intervals of 20 par¬ 


ticipants each. For each class, a mean location, a mean 
observed rating, the expected rating, and theoretical 
standard errors under the model were computed. The 
discrepancy between expected and observed ratings, 
given the theoretical variance, was used to compute a 
chi-square with 6 degrees of freedom over the seven 
subgroups, for each item. The resulting observed rat¬ 
ings (plotted as dots) and expected ratings (plotted as 
solid lines) are displayed in Figure 4. Black squares 
indicate items that showed poor fit, following either 

one of the fit statistics. 

Note that, though the infit index is robust in the 
context of Rasch measurement, these results should, 

of course, be taken with some caution because fit 
indices’ properties are not yet well explored under the 
HCM and GUM. 

Table 2 shows item parameters and wordings. 

Out of 40 items, both the standardized infit index 
and Andrich’s chi-square indicate 13 ill-fitting items 
(with probabilities smaller than or equal to .05): 2 
items from the Dramatic Relief subscale (“1 react 
emotionally to warnings about smoking cigarettes,” 
“Remembering studies about illnesses caused by 
smoking upsets me"), 3 from the Social Liberation 
subscale (“I find society changing in ways that make 
it easier for the non-smoker,” “I notice that public 
places have sections set aside for smokers,” “I see ‘No 
Smoking’ signs in public buildings”), 2 items from 
the Self-Reevaluation subscale (“My dependency on 
cigarettes makes me feel disappointed in myself,” “I 
reassess the fact that being content with myself in¬ 
cludes changing the smoking habit”), I from the 
Helping Relationships subscale (“Special people in 
my life accept me the same, whether I smoke or not”), 
1 from the Stimulus Control subscale (“I keep things 
around my place of work that remind me not to 
smoke”), 1 from the Self-Liberation subscale (“I tell 
myself I can choose to smoke or not”), and 3 from the 
Counterconditioning subscale (“When I am tempted 
to smoke, I think about something else,” “Instead of 
smoking I engage in some physical activity,” “1 do 
something else instead of smoking when I need to 
relax or deal with tension”). 

That only 13 out of 40 items show poor fit to the 
model was judged quite an encouraging result. Out of 
the 10 processes. Social Liberation and Countercon¬ 
ditioning appear to be the most badly represented. As 
to Social Liberation, some cultural particularity may 
have played a role, because until recently, social pres¬ 
sure against smoking has not been as important in 
■ France as in the United States. Also note that, because 
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Table l 

Item Parameter Estimates and Fit Statistics 


Process 

Location 

ASE 

Standardized 

inflt 

Item 

x 2 

P 

Andrich’s 

x 2 

P 

Dramatic Relief 

-.538 

.097 

-1.79 

114.21 

.939 

9.075 

.1694 


-.494 

.096 

1.04 

155.66 

.158 

15.895 

.0143 


-.458 

.096 

0.79 

151.64 

.219 

14.208 

.0274 


-.396 

.095 

-1.13 

123.22 

.828 

8.349 

.2136 

Social Liberation 

-.384 

,095 

2.82 

186.27 

.005 

17.231 

.0085 


-.318 

.095 

1.75 

167.44 

.050 

12.417 

.0533 


-.253 

.094 

3.39 

196.85 

.001 

13.487 

.0359 


-.190 

.093 

-0.36 

134,12 

.601 

3.020 

.8064 

Information Processing 

-.510 

-096 

0.05 

140.19 

.456 

5.663 

.4620 


-.357 

.095 

-3.99 

87.71 

1.000 

3.625 

.7272 


-.101 

.093 

0.45 

146.32 

.319 

8.818 

.1841 


-.099 

.093 

-3.39 

94.41 

.999 

4.984 

.5459 

Environmental Reevaluation 

-.167 

.093 

-1.51 

117.93 

.902 

8.256 

.2200 


-.112 

.093 

-2.38 

106.61 

.981 

1.838 

.9340 


-.051 

.092 

-0.62 

130.34 

.688 

8.293 

,2174 


-.049 

.092 

-2.05 

110.86 

.962 

3,136 

.7917 

Self-Reevaluation 

-.150 

.093 

-0.81 

127.63 

.746 

10.182 

.1172 


-.074 

.092 

2.56 

181.65 

.009 

33.662 

.0000 


.007 

.092 

-2.86 

100.64 

.994 

2.943 

.8160 


.054 

.092 

1.74 

167.42 

.051 

12.981 

.0433 

Reinforcement Management 

-.038 

.092 

-1.04 

124.43 

.807 

10.978 

.0891 


.087 

.092 

-0.98 

125.16 

.794 

4.962 

.5487 


.151 

.092 

-0.87 

126.69 

.765 

3.058 

.8015 


.187 

.092 

-1.67 

115.65 

.926 

3.343 

.7648 

Helping Relationships 

.031 

.092 

-0.82 

127.41 

.750 

7.752 

.2569 


.132 

.092 

3.72 

203.73 

.000 

61.513 

.0000 


.150 

.092 

0.03 

139.86 

■ .464 

12.285 

.0559 


.226 

.092 

0.90 

153.53 

.189 

8.905 

.1790 

Stimulus Control 

.142 

.092 

0.33 

144.54 

.356 

9.670 

.1393 


.201 

.092 

-1.09 

123.53 

.822 

5.626 

.4664 


.255 

.092 

-2.55 

104.08 

.988 

9.841 

.1315 


.309 

.092 

-0.16 

137.01 

.532 

17.558 

.0074 

Self-Liberation 

.087 

.092 

1.29 

159.94 

.108 

2.910 

.8200 


.374 

.093 

2.86 

187.97 

.004 

10.030 

.1234 


.412 

.093 

-3.75 

89.46 

1.000 

2.069 

.9132 


.434 

.094 

0.46 

146.64 

.312 

5.622 

.4669 

Counter conditioning 

.144 

.092 

-1.30 

120.75 

.866 

18.643 

.0048 


,284 

.092 

0.36 

145.07 

.345 

4.071 

.6671 


.478 

.094 

-1.68 

115.13 

.931 

14.851 

.0214 


.593 

.096 

1.16 

158.20 

.127 

23.274 

.0007 


Note. Boldface values indicate ill-fitting items {p < .05). For comparison with previous studies, items are clustered here according to the 
processes they are supposed to measure within DiCleraente and Prochaska's (1985) stage-of-ebange model (as labeled in the first column). 
For each Andrich*s x 3 in the table, df — 6. ASE = asymptotic standard error. 


the sample was recruited in a clinical context, partici¬ 
pants were unlikely to express opinions and,attitudes 
that are more characteristic of the earlier stages of 
change, and likewise, they were unlikely to engage in 
sophisticated behaviors that are more characteristic of 
recent quitters. Consequently, one may expect the 


most extreme items, at both ends of the continuum, to 
be badly scaled. 

A global comparison of the whole scale against a 
perfect model, given the estimated parameters, gave a 
poor fit; likelihood ratio x 2 (5417, N = 140) = 
14014.089, p < .0000. This is not too surprising given 
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Dramatic Relief 


Social Liberation 


Consdotisness 

rasing 


Environmental 

Reevaluation 


SaK- 

Reovatuation 


Reinforcement 

Management 


Helping 

Relationships 


Stimulus 

Control 


Self- 

Liberation 


Countercondition ing 


-2 0 2 -2 0 2 -2 0 2 -2 0 

Figure 4. Participants, ordered by location, have been clustered in seven consecutive class 
intervals of 20 participants each. For each of die items, the solid line is the theoretically 
expected response function, and the dots are the observed average responses from each 
subgroup. Black squares indicate ill-fitting items (p < .05), 


that the scale was not primarily designed under the 
unfolding framework, and given the strong parametric 
constraint of equal discrimination and threshold pa¬ 
rameters implied by the model. Threshold estimates, 
constrained to be the same across items, were —3.01, 
-0.80, -0.45, 1.24. 

The 10 best items {1 from each subscale) are shown 
in Figure 5, along with a plot of the observed and 


expected ratings, item parameters and wordings, and 
significance thresholds. 

The bell-shaped pattern of response is clear for all 
items," around their specific locations on the cogni¬ 
tive-behavioral continuum. This means that partici¬ 
pants expressed less and less affinity with an item 
when far from it in either direction (i.e., when below 
or above the specific level of maturity basically mea- 
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Social Liberation 


Consciousness Raising 


Theoretical process Item unfolding location Item wording 


Dramatic Relief -0.54 Dramatic portrayals of the evils of smoking affect me emotionally 

-0.49 1 react emotionally to warnings about smoking cigarettes 

-0.46 Remembering studies about illnesses caused by smoking upsets me 

-0.40 Warnings about health hazards of smoking move me emotionally 

Social Liberation -0.38 1 find society changing in ways that make it easier for the non-smoker 

-0.32 I see “No Smoking” signs in public buildings 

-0.25 I notice that public places have sections set aside for smokers 

-0.19 I notice that non-smokers are asserting their rights 

Consciousness Raising -0.51 I recall articles dealing with the problems of quitting smoking 

-0.36 I think about information from articles and advertisements on how to 

stop smoking 

-0.10 I recall information people have personally given me on the benefits of 

quitting smoking 

-0,10 I recall information people have personally given me on how to stop 

smoking 

Environmental -0.17 I consider the view that smoking can be harmful to the environment 

Reevaluation 

-0.11 I am considering the idea that the world around me would be a better 

place without my smoking 

-0.05 I stop to think that smoking is polluting the environment 

-0.05 I am considering the belief that people quitting smoking will help to 

improve the world 

Self-Reevaluation -0.15 I consciously struggle with the issue that smoking contradicts my view 

of myself as a caring and responsible person 

-0.07 My dependency on cigarettes makes me feel disappointed in myself 

0.01 I get upset when I think about my smoking 

0.05 I reassess the fact that being content with myself includes changing the 

smoking habit 

Reinforcement -0.04 Other people in my daily Life try to make me feel good when I don't 

Management smoke 

0.09 I reward myself when I don’t smoke 

0.15 1 can expect to be rewarded by others if I don't smoke 

0.19 I am rewarded by others if I don’t smoke 

Helping Relationships 0.03 I have someone whom I can count on when I’m having problems with 

smoking 

0.13 Special people in my life accept me the same, whether I smoke or not 

0.15 I can be open with at least one special person about my experience with 

smoking 

0.23 1 have someone who listens when I need to talk about my smoking 

Stimulus Controt 0.14 I remove things from my home that remind me of smoking 

0.20 I remove things from my place of work that remind me of smoking 

0.26 I put things around my home that remind me not to smoke _ 

0.31 I keep things around my place of work that remind me not to smoke 

Self-Liberation 0.09 I make commitments not to smoke 

0.37' I tel! myself I can choose to smoke or not 

0.41 I tell myself I ara able to quit smoking if I want to 

„ 0.43 I tell myself that if I try hard enough I can keep from smoking 

Countereonditionmg 0.14 When I am tempted to smoke, I think about something else 

CkCS I find that doing other things with my hands is a good substitute for 

smoking 

0.48 Instead of 'smoking I engage in some physical activity 

0,59 I do something else instead of smoking when I need to relax or deal 

with tension 

Note. Items are clustered according to the process they are supposed to measure within DiClemente and Prochaska’s (1985) stage-of-change 
model. Processes are ordered by increasing mean location (averaged over their four items) along the continuum. 


Environmental 

Rcevaluation 


Self-Reevaluation 


Reinforcement 

Management 


Helping Relationships 


Stimulus Control 


Self-Liberation 


Countereonditionmg 
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RESPONSE FUNCTION 


ITEM 

LOCATION 


NOEL 


ITEM WORDING 



Warning's about health hazards 
-.40 of smoking move me am otSonally 

[DRAMATIC RELIEF] 

/ notice that nonsmokers 
-.19 are asserting their rights 

[SOCIAL LIBERATION] 

I am considering the idea that 
-.11 the wo rid around roe would 

be a better place without my smoking 
[ENVIRONMENTAL REEVALUATION] 

I recall inform ation people 
-.09 have personally given me 

on howto stop smoking 
[CONSCIOUSNESS RASING] 

I get upset when I think about my 
.007 smoking 

[SELF-REEVALUATION] 


, / have someone whom I can 

.03 count on when I'm having 
problems vith smoking 
[HELPING RELATIONSHIPS] 

I am rewarded by others if 
.18 I dontsmoke 

[REINFORCEMENT MANAG.) 

I remove things from my place of work 

.20 Wial remind me of smoking 
[STIMULUS CONTROL] 

I fndthat doing other things 
.28 with my hands is a good 

sub sbtuta for smoking 
[COUNTERCON DITIONING] 

I tell myself I am able to quit 
.41 smoking if I want to 

[SELF-LIBERATION] 


FIT 


S.I.: p< .82 
A, Khi2: p< .21 


S.l.:p< .60 
A. Khi2: p< .00 


S.l.:p< .98 
A. Khl2: p< .93 


S J.:p< .99 
A KhiP: p< .54 


S.l.:p< .99 
A. Khi2: p< .81 


S.I.: p< .75 
A Khi2:p< .25 


S.l.:p< 92 
A. Khl2: p< .76 


S./.rp< .82 
A. Khl2:p< .46 


S./.. p< .34 
A. Khi2: p< .66 


S.I.: p< 1 00 
A. Khi2: p< .91 


Figure 5. Observed and theoretically expected response functions for the 10 best items. The 
unimodal pattern of response is quite clear, around items’ locations, indicating that partici¬ 
pants far from the item, in both directions, express lower preference for it. S.l. = standard¬ 
ized infit, A. Khi2 = Andrich’s chi-square; Manag. = Management. 
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sured by each item). On the extreme right, the re¬ 
sponse pattern evolves more and more toward a cu¬ 
mulative monotonic function, for those processes not 
yet reached by a majority of participants. A unimodal 
response function thus appears to model the data cor¬ 
rectly. In the perspective of the present article, global 
fit to the data is also to be estimated from theoretical 
considerations and external validations. 

Convergence With Longitudinal Data 

A first validation can be done by checking the pro¬ 
cess ordering recovered by unfolding analysis with 
the ordering emergent from longitudinal studies (Pro- 
chaska et ah, 1992; Prochaska et ah, 1991). As my 
analysis scaled items, and because many previous re¬ 
sults have been reported as processes scores (i.e., a 
sum of four items), 1 computed mean process loca¬ 
tions (averaged over the locations of their four char¬ 
acteristic items). This is just for comparison with the 
stage-of-change model, because in the perspective of 
this study, the factor model is inadequate and simply 
captures segments of a latent continuum. Figure 6 
shows items as dots, horizontally ordered by their 
estimated unfolding locations and vertically clustered 
by process. 

Dramatic Relief (negative emotionality associated 
with smoking) is the first process on the left end of the 
latent dimension, closely followed by Social Libera¬ 
tion items. These two processes were also represen¬ 
tative of very early stages of change in a previous 
study (Prochaska et ah, 1991). It should be noted, 
however, that in this last study. Social Liberation had 


appeared predominant in the precontemplation, stage. 
Consciousness Raising (or Information Processing) 
then follows, but its four characteristic items do not 
appear well-clustered on the continuum. Two of them 
are located near Dramatic Relief items, whereas the 
two others appear farther on the right. Interestingly, 
the latter are two items implying other persons as a 

source of information (“I recall information people 
have personally given me on the benefits of quitting 
smoking,” and “I recall information people have per¬ 
sonally given me on how to stop smoking”). Thus, 
they might be considered as complex items, tapping 
both Information Processing and some helping exter¬ 
nal support. 

A step ahead on the continuum. Environmental Re- 
evaluation appears as a well-clustered process, which 
had been previously described, as characteristic of the 
end of the contemplation stage. Self-Reevaluation and 
Reinforcement Management then appear, well clus¬ 
tered and close together, once again in good conver¬ 
gence with longitudinal results. The unfolding algo¬ 
rithm also located the Helping Relationships items in 
this region, whereas they had been previously re¬ 
ported as characteristic of earlier stages. A closer look 
at variations curves reported for Helping Relation¬ 
ships by Prochaska et al. (1991), however, suggests a 
bimodal curve, with one peak in the contemplative 
stage and another in the action stage. It may be hy- 
pothesi 2 ed that Helping Relationships items may 

cover either external incitement to change (before 
change is engaged) or support (when active change 
has begun). Moreover, it does not seem too surprising 


1. Dramatic ReBof * 

2. Social Liberation 

3. Consciousness raising 

4. Environmental ReevaL 

5. Seif-Rcovaluation 

6. Reinforcement Manag. 

7. Helping Relationships 

8. Stimulus Control 

9. Self-Liberation 

10. Countsreorxfctioning ‘ 


- 0,6 


T T— 


- 0.2 


0,0 


0.2 


0,4 


0,6 


Figure 6. The 40 items (shown as dots) are horizontally ordered by locations and vertically 
ordered by process. For comparison with previous results based on process scores, process 
mean locations (averaged over the four characteristic items within each process) are indicated 
by the dashed lines. From left to right and top to bottom, items are of less cognitive and of 
more behavioral a nature, Reeval. = Reevaluation; Manag. = Management. 
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that Helping Relationships is located close to Rein¬ 
forcement Management, of which three out of four 
items involve being rewarded by someone else. How¬ 
ever, unfolding estimates were here in divergence 
with the longitudinal data. Stimulus Control is the 
following predominant change process of the action 
stage as expected. Finally, Self-Liberation and Coun¬ 
terconditioning. previously described as characteristic 
of the last steps in the change dynamics, are posi¬ 
tioned on the extreme right end of the graph. 

Globally, the change dynamics may be summarized 
as the following psychological sequence: (a) negative 

evaluation of present behavior, (b) information taking, 

(c) positive reevaluation of change, and (d) action. 
Other formulations are also possible: From left to 
right, participants are moving from negative (Dra¬ 
matic Relief) to positive emotionality (Reinforcement 
Management, Helping Relationships), and from cog¬ 
nition (Information Processing) to action (Counter- 
conditioning). Note that any arbitrary segmentation of 
the continuum would be equally relevant and that the 
present analysis has the advantage to recover a con¬ 
tinuous dimension rather than a stage sequence. In 
view of these results, it is now possible to understand 
what factor analysis actually yielded in previous stud¬ 
ies (Prochaska et ah, 1988): The factors are dusters of 
items that are linked by a neighborhood relationship 
along a single continuum. This does not appear as a 
single factor because the contiguity relationship be¬ 
tween them is not simply linear or monotonic but 
curvilinear. An arbitrary number of “factors” is thus 
needed to map the whole continuum from left to right 


as a linear combination of latent (correlated) compo- 

rieilts. 

For comparison purposes, Table 3 summarizes the 
convergence between the present unfolding model of 
change with the stage-of-change model. 

Here again, processes’ “centroids” are used for this 
comparison. The major deviations from the expected 
ordering concern Social Liberation (which is badly 
.represented, as indicated before) and Helping Rela¬ 
tionships, which appear more characteristic of later 
stages of change in our analyses. Given that these 
results were obtained from a single measurement, 
however, the convergence with the longitudinal data 
is quite striking. 

Relationship to Cessation 

It is now natural to examine the link of participants’ 
parameters with some external behavioral criterion, 

just like we checked the convergence of item param¬ 
eters with longitudinal data. For each participant, ac¬ 
tual cessation or failure to quit had been registered 
(with failure to quit including participants who had 
dropped out from the treatment protocol). A Student's 
t test performed on subjects’ parameters and compar¬ 
ing successes (« s = 48, M s = 0.20,5'A. = 1.138) and 
failures (n f = 92, M { = -0.26, SD e = 1.130) yielded 
a significant difference value (r = 2.313, p < .02). 
Participants who actually quit are thus located signifi¬ 
cantly closer to the right end of the cognitive- 
behavioral continuum. 

Figure 7 displays a LOWESS (locally weighted 
smoothing scatterplot) smoothing (Cleveland, 1979) 


Table 3 

Correspondence of Processes' Mean Locations and the Stage-of-Change Model 


Process 

Mean 

locations 

Stage of change 

Dramatic Relief 

-.47 

Preco ntemplation 

Social Liberation 

-.29 


Consciousness Raising 

-.27 

Contemplation 

Environmental ReevaJuation 

-.09 


Self-Reevaluation 

-.04 


Reinforcement Management 

.10 

Action 

Helping Relationships 

.13 


Stimulus Control 

.23 


Self-Liberation 

.33 

Maintenance 

Counterconditioning 

.37 



Note. Because the analysis scaled items, processes 1 locations reported here were computed as a mean 
location, averaged over the four items measuring each process. 
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Figure 7. Participants’ actual behavior (1 = quit, 0 = 
failed or dropped out) has been nonparametrically regressed 
on their estimated locations on the continuum. Clearly, par¬ 
ticipants closer to the behavioral end of the continuum have 
a higher probability of quitting. 

of the binary outcome variable on subjects’ param¬ 
eters, which gives an estimation of the locally increas¬ 
ing densities of successes along the continuum, This 
algorithm is a nonparametric regression procedure, 
which proceeds by a locally weighted polynomial re¬ 
gression, specially designed not to be too sensitive to 
rare outliers, while capturing the main trend of a re¬ 
lationship. A clear increasing monotonic pattern of 
the success probability emerges as a function of par¬ 
ticipants’ locations. 

Both external validation criteria, at the item and 
subject level, respectively, thus strongly support the 
relevance of the unfolding model in the study of 
change in smoking cessation. 

Discussion 

Though unfolding models have been available for 
years now (Coombs, 1950; Coombs & Smith, 1973), 
they are not in wide use yet. One reason for that may 
be that the response mechanism the model implies is 
less simple than the cumulative one. Another reason 
may be that the first operationalizations of the model 
have shown some practical limitations. Coombs’ 
combinatorial algorithms were limited as to the num¬ 
ber of variables and participants they could handle. 
Though many powerful unfolding models in the MDS 
tradition were developed in the 1970s and 1980s that 
were not limited in this respect (Greenacre & Browne, 
1986; Heiser, 1981; SchOnemann, 1970; Takane et al., 
1977), some researchers have warned against the de¬ 
generation problems frequently encountered with 


those approaches (Van Schuur, 1993b; Van Schuur & 
Kiers, 1994). 

In an earlier work (Noel & Bennani-Dosse, 1996), 
using Greenacre and Browne’s (1986) unfolding al¬ 
gorithm on processes-of-change scores (i.e., scores 

resulting from summing four items belonging to a 
common theoretical process), we found processes’ lo¬ 
cations to be strangely clustered at the extremities of 
the continuum, even though their ordering was theo¬ 
retically meaningful (with cognitive processes at one 
end and behavioral processes at the other end), and 
though subjects’ locations were also significantly re¬ 
lated to actual quitting. To better appreciate why such 
“clustered” solutions are often found with unfolding 
algorithms in the MDS perspective, one may consider 
them as standard MDS analyses, trying to scale points 
in a low-dimensional space from their interdistances, 
but performed on a supermatrix including both variables 
and subjects, where only subjects-variables distances 
are known, barge parts of the interdistances matrix are 
thus missing, hence the instability of the solutions. 

I believe that recent developments in probabilistic 
item response models should renew interest in the 
unfolding paradigm. Among them, parametric models 
impose enough constraints to avoid degenerate solu¬ 
tions, provided the model holds. The evenly spreaded 
scaling of items obtained in the present study, by 
contrast with the one obtained by an MDS approach, 
supports this view. Moreover, recent extensions 
of unfolding models to the polytomous case, and 
software development (GUMJML, Roberts, 1998; 
MUDFOLD, Van Schuur, 1993a, 1993b), make them 
more appropriate to many cases of applied research. 

From a computational standpoint, it should be 
noted that the present results were obtained with a 
JML estimation procedure (i.e., participant and item 
parameters were estimated jointly in an alternating 
maximization process). This procedure is known to 
give biased estimates in the context of Rasch mea¬ 
surement—at least when the number of variables is 
small. Though Roberts and Laughlin’s (1996) simu¬ 
lations using the JML approach gave reasonably ac¬ 
curate results, some preliminary results of the same 
authors using a marginal maximum likelihood (MML) 
algorithm (i.e., estimating parameters on One subset at 
a time) suggest that this last approach gives still better 
estimates. A similar argument also led Takane (1998) 
to adopt the MML approach in the estimation of his 
unfolding choice model for binary data. The develop¬ 
ment of tools for unfolding polytomous data using the 
MML approach is thus called for. 
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From a theoretical standpoint, unfolding models are 
likely to be well adapted to the measurement of com¬ 
plex psychological phenomena resulting from the in¬ 
terplay of two opposite mechanisms (Van Schuur & 
Kiers, 1994). In effect, response functions obtained in 
such cases are likely to be unimodal, each mechanism 
having an inhibitive effect on the other. 

As an additional example, a still unresolved issue in 
factorial studies on mood is the determination of 
whether positive and negative affectivity are indepen¬ 
dent or negatively correlated constructs, some authors 
bringing empirical support to the first model (Watson 
& Tellegen, 1985) whereas others have reported non- 
negligible negative correlations (Green, Goldman, & 
Salovey, 1993; Russell, 1979). One explanation for 
this divergence might be that a nonlinear and recip¬ 
rocally inhibitive relationship exists between positive 
and negative mood, which, depending on sampling 
error, would appear as either null or negative corre¬ 
lations in empirical studies. Applying unfolding 
analysis to such data might be interesting. Many psy¬ 
chological phenomena are thus likely to be properly 
modeled as a dynamical interplay between two latent 
components, for which unfolding analysis would be 
relevant. 

The unimodal pattern of variation is also probably 
partly responsible for the pessimistic conclusions that 
have long prevailed abodt the hope of establishing a 
clear relationship between expressed intentions and 
actual behavior. I believe that correlation coefficients 
are likely to be poor estimates of die actual relation¬ 
ship between attitude and behavior indicators, be¬ 
cause of the unimodal pattern of variation of such 
indicators with time. Clearly, cognitive processes (in¬ 
tention to change) trigger action, but action in turn is 
likely to decrease conflict and negative emotional in¬ 
vestment in change. The unfolding model of change 

thus gives a very elegant solution to this problem, 
commonly addressed in social and clinical psychol¬ 
ogy, as already suggested by Andrich and Styles (in 
press) in the study of attitudes toward environment. In 
this last study, attitude and behavioral statements 
were found to be located systematically on different 
regions of a single continuum. It is my view that 
intention and behavior should then be conceived as 
belonging to a common latent dimension, rather than 
two distinct constructs, the unimodal pattern of re¬ 
sponse resulting in artifacmally weak correlations be¬ 
tween them and erroneously giving a two-factor so¬ 
lution in factor analyses. 

However, a possible limitation of the current para¬ 


metric unfolding models might be that the symmetry 
inherent in most unfolding response functions (An- 
drich & Luo, 1993; Roberts & Laughlin, 1996; Ver- 
helst & Verstralen, 1993) is somewhat constraining as 
to change data. Prochaska et al.’s (1991) results seem 
to indicate that in the unimodal pattern, at least for 
some processes, the decrease may be slower than the 
increase, just as if participants tended to maintain the 
processes’ effects for some time. Possible refinements 
of the present analysis might thus be to construct an 
appropriate asymmetric parametric model or, alterna¬ 
tively, to turn to nonparaiuetric approaches (Post & 
Snijders, 1993; Van Schuur, 1993a, 1993b), which 
only assume unimodality, with no hypothesis on the 
exact function shape, for estimating subjects and item 
parameters. This is an important technical question, 
for positively skewed item response functions, for in¬ 
stance, would be erroneously interpreted by common 
parametric models as characterizing more advanced 
stages of change than is the case in reality. Maybe this 
is what happened in the present study with the Help¬ 
ing Relationships process. 

Another limitation of this research is that only a 
clinical sample was studied, which means that, fol¬ 
lowing the stage-of-change terminology, most smok¬ 
ers involved were in the contemplative (second) or 
preparation (third) stages of change. As the model 
used here is parametric, this is not too serious a prob¬ 
lem, because it imposes enough constraint on the so¬ 
lution to recover meaningful results as has been 
shown. However, an interesting extension of the pres¬ 
ent research would be to replicate the analysis with a 

broader sample, including, for instance, immotives, 
recent quitters, and relapsers. One may expect that the 
scaling of extreme items, at both ends of the scale, 
would be more precise. 

Finally, parametric probabilistic models have an 
other attractive feature: They allow for item banking. 
By sharing a common parametric model, independent 
researchers might contribute to the selection of best 
fitting items, for which parameters and external vali¬ 
dations would be well-known. From a practical point 
of view, participants’ readiness to change could be 
estimated with respect to fixed item parameters as 
established in calibration studies. This could be done 
by maximizing a likelihood on subjects parameters, 
'item parameters being held fixed to their calibration 
values. It may be of some interest, for instance, to 
clinical psychologists if some kind of computerized 
adaptive testing (see Dodd, De Ayala, & Koch, 1995, 
for a review) were available for the clinical assess- 
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ment of readiness to change for any given problem 
behavior. Volet and Chalmers (1992) showed how 
measurement of change in learning goals among stu¬ 
dents was made possible by examining students’ lo¬ 
cations on an unfolding continuum at two different 
time points. A very similar approach might be used in 
the assessment of clinical change. I believe designing 
clinical instruments on the basis of a scale construc¬ 
tion process that would assume the unfolding mecha¬ 
nism at the core of psychological change would be a 
preliminary step in this direction. 
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